We document a signi…cant and robust connection between …rm-level asset expansion and stock price momentum. Momentum pro…ts are large and signi…cant within groups of …rms that have experienced large asset expansions or contractions, whereas they are small and often insigni…cant within groups of …rms with smaller changes in assets. The interaction between asset growth and momentum is not subsumed by and often dominates previously documented cross-sectional drivers of momentum, and it shows up in various market states where prior literature has documented an absence of momentum pro…ts. Furthermore, we …nd a positive time-series relation between aggregate …rm asset expansion and return momentum. Our results have implications for theories aiming to explain the momentum anomaly.
Introduction
Few stock market anomalies have received such vast attention among researchers as the momentum e¤ect …rst documented by Jegadeesh and Titman (1993) . Still, after almost two decades of its initial discovery, the momentum anomaly remains an intellectual curiosity: a simple trading strategy that buys stocks with the best returns over the past three to 12 months and sells stocks with the worst returns over the same horizon produces pro…ts that remain large after standard adjustments of risk (see e.g. Fama and French, 1996) . Unlike many other cross-sectional return patterns, such as the value and size e¤ects, the momentum e¤ect has neither disappeared nor weakened in the data after the results on the strategy's past performance were made broadly available (Jegadeesh and Titman, 2001; Schwert, 2003) . Furthermore, the large momentum pro…ts documented on the U.S. stock market are unlikely to be due to simple data snooping biases: the strategy's performance has been documented on stock markets world-wide, see e.g. Rouwenhorst (1998) and Gri¢ n et al. (2003) , and also in other asset classes such as country equity indices (Bhojraj and Swaminathan, 2006) and commodities (Asness et al., 2009 ). Due to the prevalence and robustness of the momentum e¤ect, it stands to reason that an abundance of theoretical and empirical research has been directed at uncovering the underlying reasons for the large payo¤s from the trading strategy. 1 The research subsequent to the seminal paper of Jegadeesh and Titman (1993) has re…ned the simple momentum-based trading strategy in many directions. In particular, prior studies have documented the existence of momentum interactions. Lee and Swaminathan (2000) …nd that momentum is concentrated within high turnover stocks. Zhang (2006) reports that momentum e¤ects are particularly large within groups of …rms characterized by high information uncertainty, such as …rms with high return volatility, high dispersion in analyst forecasts and low market capitalization. He interprets this evidence to be in support of behavioral theories which predict that behavioral biases are accentuated when there is more uncertainty about a stock's value. Consistent with the behavioral hypothesis that momentum e¤ects should be largest in those stocks whose valuations involve ambiguous information, Daniel and Titman (1999) document that growth …rms, characterized by a high weight of intangible assets (low book-to-market equity ratios), display larger momentum e¤ects than value …rms. Sagi and Seasholes (2007) document the same empirical pattern, but propose a rational explanation to this particular …nding and to return autocorrelation in general. Furthermore, momentum has also been linked to the credit quality of a …rm: Avramov et al. (2007) show that a strong momentum e¤ect is found in low credit quality …rms, and is virtually nonexistent in …rms with high credit quality.
The interactions summarized above pertain to the cross-sectional interaction between …rm-speci…c variables and momentum. Prior research has also established the existence of momentum interactions in the time series. Chordia and Shivakumar (2002) document that signi…cant momentum pro…ts are prevalent only during expansionary periods, whereas they are largely absent during recessions. Cooper at al. (2004) …nd that momentum is nonexistent after periods of negative aggregate stock market returns. Related to this literature, the results in Antoniou et al. (2009) indicate that the magnitude of momentum pro…ts is related to the lagged market-wide sentiment level: the pro…ts are low and insigni…cant when investor sentiment is low and they are high when sentiment is high.
In this paper we document that a new variable, …rm-level asset expansion, measured as the growth in balance sheet total assets, is a strong and independent predictor of momentum pro…ts, often dominating the forecasting power of variables proposed in the prior literature. Unlike many of the earlier papers that have studied the interaction of momentum with …rm-speci…c variables only in the cross-section, we use our asset growth variable to predict momentum pro…ts both in the cross-section and over time. This empirical setup allows us to reach stronger conclusions than what can be obtained by studying only one dimension of the data: given that the crosssectional and time series patterns that we document agree with each other, it adds power to our claim that asset growth is a signi…cant predictor of momentum pro…ts. Furthermore, by studying both dimensions, we can attempt to build a bridge between the cross-sectional and time-series variation captured by our asset growth variable.
Using the intersection of CRSP/Compustat …rms during a sample period of 40 years, we start our analysis by assigning stocks in ten groups based on their asset growth rates during the …scal year ending in the pervious calendar year. We further assign the stocks within the asset growth groups in …ve portfolios based on their 11-month past returns. Then, we study the returns on a monthly strategy that buys (sells) the prior 11-month winners (losers) within each of the groups. These independent double-sorts reveal a strong interaction between …rm asset expansion and momentum: momentum payo¤s are large for …rms that have either contracted or expanded heavily, whereas they are small for …rms that have not had large changes in their asset bases. In particular, for …rms that on average show a lagged asset growth rate close to zero (asset growth decile 2), the equal-weighted 5-1 momentum payo¤ is 0.26% per month and statistically insigni…cant. Moving up along the asset growth deciles, the momentum pro…ts show an almost monotonically increasing pattern. For …rms with the largest past asset growth rates (decile 10), the momentum pro…t is 1.52% per month and highly statistically signi…cant.
Furthermore, within decile 1, where …rms on average have contracted by 10%, the momentum payo¤s are also large: the monthly average is a statistically reliable 1.03%.
We also control for a set of previously identi…ed drivers of momentum. The positive relationship between asset growth and momentum remains strong when we control for market value of equity, book-to-market, share turnover, return volatility and credit rating. Furthermore, we also document that asset growth predicts cross-sectionally the momentum payo¤s during different market states: the interaction shows up in recessions, after periods of negative lagged market returns and also after periods of low investor sentiment -that is, in periods where prior literature has documented an absence of momentum pro…ts. Thus, the cross-sectional results indicate that …rm asset expansion is a strong determinant of momentum pro…ts and its e¤ect is distinct from the previously documented momentum drivers.
Next, we take a closer look at the time-series dimension. To study the time-series pattern of momentum pro…ts, we create a quarterly measure of average aggregate asset growth using the intersection of …rms in Compustat and CRSP. As mentioned earlier, Chordia and Shivakumar (2002) and Cooper et al. (2004) have documented that the momentum e¤ect is dampened during recessions and after periods of negative market returns. We contribute to this line of literature by noting that the …ndings in these two prior studies are exactly what we would expect based on our cross-sectional results. We empirically document that during these periods, average …rm expansion is smaller. Thus, if asset growth interacts with momentum, we expect the average …rm to show lower momentum pro…ts during recessions and after periods of negative market returns. On the other hand, …rms that show large asset expansions in these market states should still show economically signi…cant momentum pro…ts. Our empirical results provide support for this claim. Furthermore, to gain a deeper understanding of the time series interaction, we assign our sample quarters into four groups based on the magnitude of the aggregate asset growth rates in the previous quarter, and study the quarterly momentum returns during these market states.
The results display a dramatic pattern: in periods characterized by low aggregate asset growth rates, the momentum pro…ts correspond approximately to 0.18% per month. When aggregate asset growth increases, the average momentum returns increase monotonically: in periods of high aggregate asset growth rates, the average momentum pro…ts reach their highest level at 1.74% per month. As a …nal test, we regress quarterly momentum pro…ts on lagged aggregate asset growth rates, while simultaneously controlling for other time series determinants of momentum pro…ts.
The results indicate that asset growth is a signi…cant time series determinant of momentum pro…ts, and the e¤ect of asset growth subsumes the explanatory power of a recession dummy and lagged aggregate sentiment levels. Furthermore, after adjusting the sample for a few outliers or concentrating only on up-market states, lagged asset growth dominates the explanatory power of lagged market returns as a determinant of momentum pro…ts. Thus, it appears that recessions and lagged market returns are not per se connected to the magnitudes of momentum pro…ts -rather, …rm expansion, and how it interacts with these market states, appears to be playing an important role in the equation.
Our results are connected with, but distinct from, several themes discussed in the recent literature. Cooper et al. (2008) document that …rm-level asset growth is a strong cross-sectional predictor of future returns. Firms with high lagged asset growth rates display anomalously low returns relative to standard adjustments for risk. We contribute to their study by showing that asset growth also predicts the magnitude of another anomaly. On the theoretical side, Johnson (2002) presents a rational model of momentum where a …rm's log price to dividend ratio is convex with respect to expected growth rates. If expected growth is a priced risk factor, then the prices of stocks with higher expected growth are more sensitive to changes in expected growth than prices of …rms with low expected growth. Firms with poor past performance are likely to have had negative growth shocks, whereas …rms with good past performance are likely to have had positive growth shocks. This a¤ects the expected returns on the two groups of …rms and leads to momentum. So far as …rms that have experienced high asset growth in the past have higher expected growth rates than …rms that have experienced low asset growth, the convexity of the log price to dividend ratio in Johnson's model provides a rationale to the momentum interaction that we document.
The results in this paper are also connected to the growing body of literature in productionbased asset pricing. Berk et al. (1999) generate momentum returns by studying the optimal investment choices of …rms and the turnover in their assets. Chen and Zhang (2009) propose a new three-factor model where one of the factors is an investment-based factor that is closely connected to the asset growth variable that we use. They show that their model provides a good explanation of momentum returns. However, they do not study the interaction between the level of investment and momentum.
Finally, our results are also related to the growing …eld of behavioral …nance. In the concluding sections of this paper, we provide a more involved discussion and contrast our empirical results with the predictions of the papers mentioned above.
The outline of the paper is as follows. The next section describes our data and presents results from the cross-sectional tests and from the time series tests. The third section relates the …ndings to current theoretical and empirical work. The last section concludes.
Empirical results
This section presents our main empirical …ndings. We start by describing the data set used in our main tests. Then, we document the cross-sectional relationship between asset growth and momentum, whereafter we turn our attention to the time series of momentum pro…ts.
Data
We use NYSE, AMEX and Nasdaq …rms that have data available on the CRSP stock return database and on the Compustat annual industrial …les from 1964 to 2006. To minimize potential back…lling and survival biases, we follow earlier research and require that a …rm must be listed on the Compustat …les two years before we start calculating asset growth rates and other …rm-speci…c variables. Furthermore, we exclude …nancial …rms (SIC codes between 6000 and 6999) and include only ordinary common equity (CRSP share codes 10 or 11) in our sample. To ensure that the accounting variables are in the investors' information set when the portfolios are formed, we follow the timing convention used in earlier studies. Speci…cally, the accounting variables for …scal year ending in calendar year t are matched with portfolios that are formed at the end of June in year t + 1.
Following Cooper et al. (2008) , our asset growth variable is de…ned as the yearly percentage change in balance sheet total assets (Compustat data item 6). For a given …rm i, the asset growth variable that is matched with returns from July of year t + 1 to June of year t + 2 is given by
where AG i is the asset growth for …rm i and AT i is the value of the …rm's total assets.
Our portfolio sorts pertaining to stock price momentum are based on a J=K=L strategy, where J = 11, K = 1 and L = 1. That is, we sort stocks into groups based on the magnitude of their returns during a formation period of 11 months. Then, to mitigate the e¤ects of shorthorizon negative return autocorrelation (Jegadeesh, 1990 ) and bid-ask bounces, we skip one month between the formation and holding periods. The resulting momentum portfolios are then held for one month, whereafter the sorting procedure is repeated. Though our main results are based on the 11-1-1 strategy, we document the robustness of our results by also considering holding periods of lengths corresponding to L = 3 and L = 6.
To allow for a meaningful comparison of the momentum e¤ect within the di¤erent asset growth groups, we use the same prior return breakpoints within each asset growth group to sort stocks into momentum portfolios. We use the NYSE prior return breakpoints (quintiles or deciles depending on the number of momentum portfolios) to assign a stock into a portfolio. 2
Instead of using the NYSE breakpoints, we have replicated our results using quintile or decile prior return breakpoints constructed from all stocks in our sample. The results, available upon request, show that our conclusions are not a¤ected by using this alternative de…nition of prior return breakpoints.
To ensure that our results are not driven by tiny and illiquid stocks that account for a large fraction of the total number of stocks but make up only a small portion of total market value, we exclude from our main tests stocks whose market value at the end of each June falls below the 20th percentile of market cap of NYSE stocks. Using this size breakpoint excludes from our main sample the stocks that Fama and French (2008) de…ne as microcaps. We note that there is also a practical reason for excluding microcaps from our main analysis: for momentum strategies within the asset growth groups, including the microcaps in our sample drives a wedge between the equal-and value-weighted momentum returns. This is because prior losers within the lowest asset growth group consist predominately of stocks with a very low market capitalization. These …rms then dominate the equal-weighted momentum returns in the lowest asset growth group.
However, the momentum e¤ect is actually negative for the very smallest …rms (Hong et al. 2000) , leading to a negative equal-weighted momentum pro…t and a positive and signi…cant valueweighted momentum pro…t within the lowest asset growth decile. Thus, to obtain consistent results that are not dependent on the weighting scheme, it is motivated to have a screen for market value. Nevertheless, we also document that our results hold qualitatively within the groups of microcaps, small stocks (having market values between the 20th and 50th NYSE percentiles) and big stocks (having market values above the 50th NYSE percentile).
Univariate sorts on asset growth and prior returns
We set the stage for our further analysis by documenting descriptive statistics for asset growth deciles and for …ve momentum portfolios in isolation. First, we investigate 10 portfolios based on univariate sorts on asset growth. Then, we move our analysis to 5 portfolios based on univariate sorts on prior returns.
At the end of each June, using the screen for market value detailed above, we sort our sample of stocks into ten portfolios based on their asset growth rates during the previous year.
These portfolios are held for the subsequent 12 months and then they are rebalanced. The sample period for the holding period returns is from July 1968 to June 2006.
[INSERT of equal-and value-weighted asset growth rates and book-to-market ratios for the portfolios. By construction, the average asset growth rates increase as we move along the asset growth deciles.
The last two rows display descriptive statistics on the time-series averages of equal-weighted past returns of the stocks included in the portfolios.
Panel B documents results for 5 portfolios sorted on past 11 month returns using NYSE prior (2-12) return breakpoints, with a one month lag between the formation and holding periods.
The holding period is one month, resulting in a 11-1-1 strategy. The numbers indicate that the momentum anomaly is alive and well in our sample of stocks. The holding period EW return spread between past winners and losers is 0.90 % per month and statistically signi…cant.
Controlling for the Fama-French factors exaggerates the momentum anomaly -the spread in FF3 alphas is 1.15 % with a t-value close to 5. The same conclusion applies to VW returns, even though the momentum e¤ect is slightly reduced when the portfolios are value-weighted.
Interaction between asset growth and momentum
We now turn our attention to the pro…tability of momentum strategies within the asset growth deciles. At the end of June each year, stocks are sorted into ten groups based on their asset growth rates in the previous year. Then, within each asset growth decile, we rank stocks at the end of each sample month based on their past 11-month returns (excluding the month preceding the …rst holding period month), and then group these stocks into 5 portfolios based on the NYSE prior return breakpoints. This results in a 10x5 independent sort on asset growth rates and past returns.
[ INSERT TABLE 2] We …rst concentrate on the 11-1-1 momentum strategy. Panel A.I of Table 2 displays average EW returns and Panel A.II average VW returns on the sets of …ve portfolios sorted on past returns. The table also reports, for each asset growth group, the average return on the 5-1 hedge portfolio that takes a long position in past winners and a short position in past losers.
The momentum pro…ts within the asset growth groups reveal two distinctive patterns. First, momentum seems to be concentrated among …rms that have either experienced asset contraction (asset growth decile 1 where …rms on average have experienced a negative asset growth rate of 10%, see Table 1 ), or large asset expansion (asset growth deciles 7 to 10). In particular, deciles 2 and 3 where the asset growth has been close to zero do not show a reliable momentum e¤ect.
Second, moving from asset growth decile 2 to 10, the average momentum pro…ts increase almost monotonically from 0.26 % to 1.52 % when returns are equal-weighted and from 0.02 % to 1.34 % when returns are value-weighted. Furthermore, …ve out of the ten VW and three out of the ten EW raw momentum pro…ts are insigni…cant, and these insigni…cant pro…ts are concentrated in the low asset growth groups. The FF3 adjusted momentum pro…ts are generally signi…cant.
The di¤erence in momentum pro…ts across the asset growth deciles is driven primarily by loser stocks. Entering the holding period, the returns on the losers within the low asset growth deciles tend to rebound faster from their low formation period level than the returns on the losers among high asset growth …rms. The in ‡uence of the loser portfolios in generating di¤erences in momentum pro…ts across di¤erent subgroups of stocks has also been documented, among others, by Lee and Swaminathan (2000) and Avramov et al. (2007) .
In the results above, we have omitted stocks from our analysis that fall below the 20th NYSE market cap percentile. Panel B.I replicates the results in Panel A using all stocks in our sample without any screens for size. To preserve space, we report only the 5-1 raw momentum spreads and their t-values.
A distinctive pattern evident from the results is that for the lowest asset growth deciles, there is a marked di¤erence between the EW and VW portfolio returns. The EW momentum spread for decile 1 is negative, albeit insigni…cant, whereas the corresponding VW spread is positive and highly signi…cant. The reason for this discrepancy is that the past loser portfolio in the lowest asset growth deciles contains a disproportionately large amount of small stocks. Hong et al. (2000) document that within the lowest NYSE/AMEX size decile, momentum pro…ts are negative, and this negative pro…t appears to be driven by the high returns on the loser stocks.
Thus, the EW returns for the lowest AG deciles in our Panel B.I are re ‡ecting this pattern in the data. The VW returns that control for this size e¤ect show (in line the earlier results in Panel A) that in the negative AG growth deciles, the momentum pro…ts are large in magnitude and signi…cant. Furthermore, the momentum pro…ts increase across the positive asset growth deciles. Thus, our main results in Panel A are not driven by the screen for market size that we have used. Furthermore, the results in Panel B.I mitigate the concern that some of our portfolios in panel A, at least in the early sample period, may not be fully diversi…ed.
The results in Panel A are based on a holding period of one month. However, it is customary in the literature to also study momentum pro…ts on portfolios that are held for longer periods.
Hence, as a test of robustness, we replicate the results in Panel A using holding periods of three and six months. Following Jegadeesh and Titman (1993) , we construct portfolios with overlapping holding periods. For example, when a holding period of three months is used, we have three observations on a given portfolio for any given month. The portfolio return for that month is then calculated as an equal-weighted average of the portfolio constructed that month and the portfolios constructed in the two previous months.
Panel B.II shows that our conclusions are not materially a¤ected by using a longer holding period. 4 For holding periods of three and six months, the high asset growth quintile shows up with the highest momentum returns. However, the large momentum pro…t for asset growth decile 1 that was evident in the one month holding period dissipates quicker than the pro…ts in the other deciles.
We also study the e¤ect that January returns have on our results. A well-documented stylized fact in the literature is that the momentum pro…ts tend to reverse and become negative in January. One potential explanation for the results we have documented is that the less extreme asset growth deciles show relatively larger reversals in January, thus driving down their average momentum pro…ts in the full sample. Panel B.III documents that this is not the case.
In fact, the more extreme asset growth deciles show the largest reversals. If anything, the relationship between asset growth and momentum becomes stronger when January returns are excluded from our sample.
As a …nal untabulated test of robustness we take a closer look at asset growth decile 1 that consisted of …rms that on average have experienced asset contractions. Avramov et al.
(2007) document that …nancially distressed …rms with a low credit rating tend to show high momentum pro…ts. Hence, a potential concern is that our lowest asset growth decile mainly consists of distressed …rms with a low credit rating that are forced to contract, and that these …rms are driving the momentum pro…ts that we have documented. To mitigate this concern, we collect Standard and Poor's Long-Term Domestic Issuer Credit Ratings from Compustat for …rms that are included in decile 1. 5 Due to the non-availability of S&P ratings in the early part of the sample, our sample starts from July 1986. Without any controls for credit rating, the mean momentum pro…t in decile 1 between July 1986 and June 2006 is 0.99 % (t=2.97), and the momentum pro…ts across the asset growth deciles show qualitatively the same pattern as in the full sample. Next, we drop all …rms from asset growth decile 1 that at the time of portfolio formation have a credit rating lower than "B", implying that we drop …rms that fall below the lowest tercile of credit ratings assigned by S&P. With this …lter, the mean momentum pro…t within decile 1 increases slightly to 1.01% (t=2.90), implying that the large momentum pro…ts in the lowest asset growth decile are not simply a manifestation of the credit rating interaction already documented by Avramov et al. (2007) .
Robustness tests
Prior literature has documented several …rm-speci…c characteristics that appear to be connected to the magnitude of momentum pro…ts. For example, Jegadeesh and Titman (1993) and Hong et al. (2000) show that the returns on small …rms show larger momentum e¤ects than the returns on large …rms. Daniel and Titman (1999) and Sagi and Seasholes (2007) document that momentum seems to be concentrated within the group of growth …rms, that is, …rms having low book-to-market equity (BM) ratios. Lee and Swaminathan (2000) …nd that …rms with high trading volume show relatively larger momentum than …rms with lower trading volume, whereas the results in Zhang (2006) run robustness checks and show that our momentum pro…ts within the asset growth groups are not driven by these …rm characteristics that have previously been shown to be related to momentum.
To purge out the e¤ect of the control variables, we perform independent three-way portfolio sorts. First, we sort our sample of stocks into three groups based on the magnitude of the control variable. Then, in an independent sort, we arrange the stocks into three groups based on their asset growth rates. Each stock is then allocated to one of the nine resulting control variable / asset growth groups. Finally, within each of the nine groups, we rank stocks at the end of each sample month based on their past 11-month returns (excluding the month preceding the …rst holding period month), and then group these stocks into 5 portfolios based on the NYSE prior return breakpoints. This allows us to study the returns on the 11-1-1 momentum strategies while simultaneously controlling for a given control variable and asset growth rates.
If, for example, our previous results on the interaction between asset growth and momentum were simply driven by the fact that high asset growth …rms are characterized by low BM-ratios, we would not expect to …nd a spread in momentum pro…ts between high and low asset growth …rms when BM-ratios are held relatively constant.
To obtain a su¢ cient number of stocks in each of the 45 independently sorted portfolios, we use all the stocks in our sample without a screen for market value. We report EW returns throughout. Results using VW returns, which downsize the possible dominance of microcaps in some of the portfolios, are qualitatively the same and are available upon request.
Controlling for market value
At the end of each June, we independently sort the stocks into three size groups and three asset growth groups. Following Fama and French (2008) , the size breakpoints are de…ned as the NYSE 20th and 50th percentiles of market cap for NYSE stocks. The three asset growth groups are de…ned by …rst ranking the …rms based on their asset growth, and then assigning one-third of the stocks to the low asset growth group, one-third to the medium asset growth group and the remaining one-third to the high asset growth group. Then, within each of the nine size/asset growth groups, we study the monthly average return on the 11-1-1 momentum strategy.
[INSERT The results show that within each size group, the high asset growth group displays the largest momentum pro…ts. The di¤erence in momentum pro…ts between high and low asset growth groups is signi…cant within microcaps and big stocks, whereas the di¤erence in momentum pro…ts (0.28% per month) within the group of small stocks is insigni…cant at conventional levels (with a t-value 1.53). However, the low asset group contains a subgroup of stocks with a large negative asset growth rate. Due to the nonlinearity of the asset growth -momentum relation, evidenced in Panel A of Table 2 , …rms that have experienced a large asset contraction tend to display high price momentum and thus drive up the momentum pro…ts within the low asset growth groups. Using value-weighted returns (not reported), the di¤erence in momentum pro…ts is signi…cant within each size group. 6 Furthermore, within the group of big stocks, only the high asset growth group shows a reliable momentum e¤ect.
Controlling for book-to-market
Using accounting data from the …scal year ending in the previous calendar year t 1, we calculate the book value of equity for each …rm as in Fama, French and Davis (2000) . This book value is then divided by the market value of the …rm at the end of June in year t. Following the convention in the literature, we drop …rms with a negative book value from our sample. Then, we assign the …rms into three groups based on their BM-ratios. The rest of the portfolio sorts are carried out as in the previous case. Panel A.II displays the results. The high asset growth groups once again show the highest momentum pro…ts, and all the di¤erences in momentum pro…ts between high and low asset growth groups are signi…cant. Furthermore, while the table con…rms the result in Sagi and Seasholes (2007) that growth …rms (…rms with low BM-ratios) display higher momentum pro…ts than value …rms, the variation in momentum pro…ts between asset growth groups is much higher than the variation between BM groups. Thus, even though the descriptive statistics earlier on (Table 1 , Panel A) indicated that high asset growth …rms on average have low BM-ratios, our asset growth variable has an incremental, even dominating, explanatory power for momentum pro…ts relative to BM.
Controlling for turnover
We follow Lee and Swaminathan (2000) and de…ne trading volume for a given stock as the average daily turnover within the 11-month portfolio formation period. The daily turnover is calculated as the number of shares traded divided by the number of shares outstanding at the end of the day. As in Lee and Swaminathan (2000) , we exclude Nasdaq stocks from our sample due to the double counting of dealer trades and report results only for the NYSE/AMEX sample.
Based on the average turnover, we sort our stocks at the beginning of each monthly holding period into three groups, and then perform the same independent sorts on asset growth and prior returns as before.
The results in Panel A.III indicate that even though stocks with high turnover tend to display higher momentum than stocks with low turnover, controlling for turnover does not diminish the interaction between asset growth and momentum. The high asset growth stocks show higher momentum pro…ts than low asset growth stocks within each turnover group. The di¤erences for low and high turnover groups are signi…cant, and for the medium turnover group the di¤erence in momentum pro…ts is borderline signi…cant (t-value of 1.95).
Controlling for idiosyncratic volatility
We calculate idiosyncratic volatility 7 relative to the Fama-French (1993) three-factor model for each stock in the sample using daily returns within the 11-month portfolio formation period.
Speci…cally, for each stock, we run the regression
where R e i is the excess return on stock i , R e M KT is the excess market return, and SM B and HM L are factors capturing the size and value e¤ects in the data, respectively. The idiosyncratic volatility for stock i is de…ned as the standard deviation of the residual from regression (2), p var(ê i;t ). Then, at the beginning of each month, we assign the stocks into three groups based on the magnitude of their residual standard deviation.
As seen from Panel A.IV, the momentum pro…ts in the high asset growth groups once again dominate the momentum pro…ts in the lower asset growth groups, with all the di¤erences in momentum pro…ts being statistically signi…cant. Thus, the asset growth interaction with momentum is not subdued by lagged return volatility.
Controlling for credit risk
Following Avramov et al. (2007), we collect Standard and Poor's Long-Term Domestic Issuer
Credit Ratings from Compustat and match these credit ratings with stocks in our sample.
Restricted by the availability of credit ratings from Compustat, our portfolio sorts start from July 1986. We transform the ratings to a scale from 1 to 22, where 1 denotes the highest credit rating ("AAA"), and 22 the lowest ("D"). Each month, using the most recent credit rating, we independently sort the stocks in our sample in three credit rating groups and three asset growth groups, resulting in nine credit rating/asset growth groups. In contrast to the previous sorts, we now use past 11-month return breakpoints calculated within each credit rating/asset growth group to sort the stocks into …ve momentum portfolios (i.e. a group-dependent sort on returns).
Firms with a high credit rating are characterized by relatively high past returns, and …rms with a low credit rating by relatively low past returns. Due to the systematic di¤erences in past returns between high-and low-rated …rms, using the independent NYSE-return breakpoints would make the loser portfolios in the high credit rating groups contain a disproportionately low number of stocks -sometimes even none at all -and distort our inferences.
Two distinctive patterns appear from the results presented in panel A.V. First, within each credit rating group, the momentum pro…ts increase with the asset growth rate. Controlling for credit rating, all the di¤erences in momentum pro…ts between high and low asset growth groups are statistically signi…cant. Second, as in Avramov et al. (2007) , the momentum pro…ts increase also when the …rms'credit quality deteriorates. In particular, the momentum pro…t in the high credit rating / high asset growth group, though having a mean of 0.42%, is not statistically signi…cant (t=1.36). Nevertheless, it is signi…cantly higher than the momentum pro…t in the corresponding low asset growth group (mean: -0.13). We conclude that controlling for credit rating, asset growth survives as a signi…cant driver of momentum pro…ts.
Fama-MacBeth regressions
The portfolio sorts indicated that the e¤ect of asset growth on momentum pro…ts is not subdued by the control variables. However, though portfolio sorts are widely applied in the literature, there are some shortcomings with the robustness tests in the previous section. In essence, we would like to know the marginal signi…cance of asset growth for momentum pro…ts with respect to the other variables that have previously been shown to interact with momentum. Unfortunately, portfolio sorts require a relatively large number of stocks in each portfolio to produce robust results. Even though we used the whole universe of NYSE/AMEX/Nasdaq stocks for which there is accounting data, the number of stocks is not su¢ ciently large to evaluate, through fouror …ve-way portfolio sorts, how the control variables jointly a¤ect the asset growth-momentum relation. To circumvent this problem, we run …rm-level Fama-MacBeth (1973) regressions of monthly stock returns on empirical determinants of cross-sectional returns and on terms that capture how the di¤erent control variables interact with momentum. Below, we document that the Fama-MacBeth regressions reinforce our previous …nding that balance sheet asset growth is a strong determinant of stock price momentum.
The full cross-sectional model that we estimate each sample month is given by
The dating conventions follow our previous de…nitions. The monthly returns from July year t to June year t + 1 are matched with the asset growth rate (AG) measured during the …scal year ending in calendar year t 1. The log market value of equity, M V , is measured at the end of June in year t. Book-to-market equity, BM , is based on accounting data from the …scal year ending in calendar year t 1, whereas the market value in the denominator is dated at the June of year t. The variable ret11 i is the lagged 11-month return used in our earlier portfolio sorts, measured from month t 2 to t 12. The average turnover (T O) and idiosyncratic volatility (IV OL) are measured during the same period as the lagged 11-month return. The coe¢ cients for the interaction terms, b 7 to b 10 , measure how the past return interacts with the control variables. If, for example, b 7 is positive and signi…cant, a higher asset growth rate increases the e¤ect that lagged past returns have on holding period returns, i.e. there is a stronger price momentum e¤ect when the change in balance sheet total assets is large.
Regression models with interaction variables have the potential of being plagued by multicollinearity among the explanatory variables. We have investigated the average correlations between the explanatory variables along the cross-sections. The largest correlation is found between the past returns and the interaction term between log market value and past returns (average 0.99). Thus, we exclude the size interaction from our model below. The second largest average absolute correlation is between past returns and their interaction with idiosyncratic volatility (0.92). We omit this term from some of our speci…cations. Correlations between the other variables are considerably lower and do not warrant the exclusion of these variables from the regressions.
In the regression results reported below, we apply the 20% screen for size to the stocks in our sample. Furthermore, we leave out stocks with a negative BM-ratio from the regressions.
As in previous sections, we exclude Nasdaq stocks from our tests when we estimate the model speci…cations that include the turnover variable.
Panel B, row 1 shows the results from the base-case where we use the annual asset growth rate, market value, book-to-market and lagged return as regressors. The signs of the parameter estimates do not produce any surprises relative to prior literature. Consistent with Cooper et al. (2008) , the lagged asset growth shows up with a negative and highly signi…cant coe¢ cient (t=-3.93). Furthermore, in line with the well-documented value and momentum e¤ects, bookto-market and lagged 11-month returns display signi…cantly positive coe¢ cients. The coe¢ cient for market value, though negative, is not signi…cant. This echoes the …nding of Fama and French (2008) that microcaps which where excluded from our analysis are in ‡uential in the small …rm premium.
In model 2, we add idiosyncratic volatility to the regressions. As in Ang et al. (2006), the sign of IV OL implies that higher idiosyncratic volatility is associated with lower returns (t=-2.40). Furthermore, M V now has a signi…cantly negative sign (t=-2.85). Small stocks are associated with larger idiosyncratic volatility than large stocks, driving down their returns in the sample. However, once we hold IDIV OL …xed, the small …rm premium becomes evident in our sample.
Finally, we add turnover to the regressions (model 3). In the NYSE/AMEX sample, high turnover stocks are associated with signi…cantly lower returns (t=-2.60). A similar pattern has been documented, among others, by Datar et al. (1998) and Lee and Swaminathan (2000) .
Next, we investigate models that include the interaction terms with momentum. Model 4 adds the interaction term between asset growth and past return to our base model 1. The coe¢ cient for the interaction term shows up as positive and signi…cant (t=2.79), thus adding strength to our earlier conclusion that asset growth has a signi…cant and positive interaction with the strength of the momentum e¤ect. Controlling for the interaction between past return and book-to-market (model 5) does not alter the signi…cance of the asset growth interaction.
Indeed, the signi…cance of the asset growth interaction remains high (t=2.60), whereas the bookto-market interaction is insigni…cant (t=0.81). Furthermore, the sign of ret11 BM is wrong relative to the simple portfolio sortings, implying that the relationship is not robust when other cross-sectional determinants of returns is controlled for.
Model 6 adds past returns'interaction with idiosyncratic volatility to the regressions. Our earlier conclusions remain una¤ected.
In models 7 and 8, we control for the interaction between past returns and turnover. Again, the asset growth interaction emerges as a winner with the highest t-value among the interaction terms.
In untabulated results, we redo the estimations in this section using all stocks in our sample without any screen for market size. Our main conclusions remain una¤ected. The only exception is model 6 where the asset growth interaction term is signi…cant only at the 10%-level, with a t-value of 1.77. Across the other models, the t-values for the asset growth interaction range from 2.50 to 3.12.
As a whole, our results so far indicate that …rm-level asset growth is connected to the pro…tability of momentum strategies. More signi…cantly, when we control for a set of previously documented drivers of momentum, asset growth emerges as the strongest and most signi…cant interaction variable that predicts the magnitude of the momentum e¤ect.
Time-series evidence
The previous sections indicated that …rm-level balance sheet asset growth is a strong determinant of momentum pro…ts in the cross-section of U.S. stocks. We now turn our attention to the time series of momentum pro…ts.
Momentum pro…ts during di¤erent business cycle periods
Chordia and Shivakumar (2002) document a business-cycle pattern to momentum pro…ts: during expansionary periods momentum pro…ts are signi…cantly positive, whereas during recessions the pro…ts are negative (though insigni…cant). However, they present results from traditional oneway portfolio sorts and do not study the momentum pro…ts during these periods within di¤erent subsamples of stocks. Our cross-sectional evidence -that price momentum is connected to …rm expansion -is consistent with the time-series evidence presented in Chordia and Shivakumar (2002) . During expansionary periods, …rm-level expansion is likely to be larger than during recessions. 8 If momentum is connected to …rm expansion, we would expect the average …rm to show higher momentum pro…ts during expansionary periods that are connected with higher asset growth rates. Furthermore, even if momentum pro…ts on aggregate should be lower in recessions due to weaker …rm expansion, we would nevertheless expect to …nd …rms that expand heavily to show positive momentum pro…ts also in recessions. We now document that this is indeed the case.
[INSERT The remaining rows in the table show the mean pro…ts on the momentum portfolios within ten asset growth groups. The numbers demonstrate that during recessions asset growth groups 2 to 7 show average momentum pro…ts that are close to zero and even negative, whereas …rms that expand heavily in recessions have positive momentum pro…ts. In particular, groups 9 and 10 with the largest asset growth rates show large average monthly momentum pro…ts of 1.05% and 1.40%, respectively. However, these pro…ts are not signi…cant, with respective t-values of 1.37 and 1.52. The lack of statistical signi…cance is likely to be due to the low number of months that are classi…ed as recessions. Nevertheless, the high point estimates of momentum pro…ts within the extreme asset growth groups provide further support for our claim that …rm-level expansion is an important driver of momentum.
Momentum pro…ts following up and down markets
Cooper et al. (2004) …nd that momentum pro…ts are signi…cant only when the lagged one-to three-year stock market returns have been positive, and that they are insigni…cant in periods where lagged stock market returns have been negative. They interpret this empirical regularity as supporting the behavioral framework of Daniel et al. (1998) We …rst con…rm that the results in Cooper et al. (2004) hold for our sample. For a momentum strategy involving all stocks (…rst row), the payo¤ in UP-months is a highly signi…cant 1.19% per month (t=5.80). In DOWN-months, the unconditional strategy essentially yields zero pro…ts (mean=-0.02). Looking at the momentum pro…ts within the asset growth groups, the returns in UP-markets reveal that the extreme asset growth groups once again show up with the highest pro…ts. However, in DOWN-markets only asset growth decile 10 displays a relatively high average momentum pro…t of 0.97%, albeit with an insigni…cant t-value of 1.29. The rest of the asset growth deciles show momentum payo¤s that range from -1.35% (decile 3) to 0.13% 1 0 In untabulated results, we regress quarterly average asset growth rates on lagged 12-month market returns and a constant. The t-statistic for the lagged market return is 3.28, and the r-square from the regression is 10%. The correlation between lagged market returns and the quarterly asset growth rate is 0.32. Furthermore, the average quarterly asset growth rate following 12-month down-markets is 2.80%, whereas it is 4.32% following 12-month up-markets.
(decile 8).
Despite the high time-series mean of the down-market momentum pro…ts in asset growth decile 10, the insigni…cance of the payo¤ might call into question if the asset growth/momentum interaction survives in down-markets. We believe, however, that the results in Panel B are broadly in line with our earlier …ndings. First, the momentum pro…ts generally show an increasing pattern from asset growth decile 3 to decile 10. Second, it is a well-documented fact that volatility tends to be high in down-markets. The standard deviation of monthly momentum returns within decile 10 is 10.3% in DOWN-months, whereas it is only 4.9% in UP-months. The high volatility coupled with a low number of DOWN-observations leads to a lack of statistical signi…cance. Third, one single month, January 2001, seems to have been devastating for momentum strategies. During this month, the unconditional 5-1 momentum strategy lost -42.1%.
We do not wish take a strong position on whether this observation is an outlier, a random event distorting our statistical inference. 11 Nonetheless, for completeness, panel B also shows results for the DOWN-month momentum pro…ts where January 2001 is excluded from our sample. In this case, the mean momentum pro…t for asset growth decile 10 is 1.52% per month and statistically signi…cant (t=2.23) in lieu of the low number of observations. Furthermore, when we include all DOWN-months, the median momentum pro…t for decile 10 is 1.61%, and 60% of the monthly momentum pro…ts are positive. In UP-months, the median is also 1.61% and 63% of the monthly momentum pro…ts are positive. 12 Thus, correcting for one single extreme return, …rms that have experienced the highest asset expansion do appear to provide similar momentum pro…ts in both up-and down-markets.
Momentum pro…ts following periods of low and high sentiment
Building on the behavioral theory proposed by Daniel et al. (1998) , Antoniou et al. (2009) argue that market-wide investor sentiment should be connected to aggregate momentum pro…ts.
Using di¤erent proxies for sentiment, they …nd support for this hypothesis: momentum pro…ts 1 1 Using data on 10-1 momentum portfolio returns from Kenneth French's homepage, we …nd that January 2001 marks the third largest loss that has occurred to a simple momentum strategy since 1927. The 10-1 momentum loss in this month was -60.4%. The two other outliers occurred in August 1932 (-83.2%) and in September 1939 (-89.7% ). This largest loss in 1939 occurred after a 12-month UP-market, a fact that indicates that these observations are pure outliers which may not be connected to lagged market states. Furthermore, the behavioral theories which motivate the use of lagged market returns as a conditioning variable for momentum pro…ts do not predict that momentum pro…ts should be negative when investor overcon…dence decreases.
are high after periods of optimistic sentiment, whereas they are insigni…cant after periods of pessimistic sentiment. In what follows, we show that the asset growth/momentum interaction shows up in both pessimistic and optimistic market states.
We use the monthly sentiment index constructed by Baker and Wurgler (2006,2007) to classify our sample months in pessimistic and optimistic periods. 13 Table 4 replicates the result in Antoniou et al. (2009): for the unconditional 5-1 momentum strategy, pro…ts are high and signi…cant following optimistic periods (mean=1.13%, t=4.04), and insigni…cant after pessimistic periods (mean=0.45%, t=1.02). But despite this insigni…cance of unconditional momentum pro…ts, …rms with high asset expansion still display reliable momentum pro…ts even after periods of pessimistic sentiment. In essence, asset growth decile 10 shows up with a mean momentum pro…t of 1.03% (t=2.24), a number that is similar in magnitude to the point estimate of the unconditional mean momentum pro…t in optimistic months. On the other hand, …rms with medium asset expansion (deciles 2 to 6) display mean momentum pro…ts that are close to zero. Thus, even though pessimistic investor sentiment appears to have a dampening e¤ect on the magnitude of momentum pro…ts, it does not a¤ect the interaction between asset growth and momentum to any substantial degree.
Momentum pro…ts conditioned on aggregate asset growth
We have so far provided evidence indicating that the interaction between asset growth and momentum survives in various market states where prior research has documented an absence of momentum pro…ts. These results strengthen our …nding that …rm expansion is an important determinant of momentum pro…ts. We now provide further line of evidence in the time-series dimension supporting our claim. The logic is the following: If …rm-level asset growth is connected to the magnitude of momentum pro…ts, we would expect the magnitude of unconditional momentum pro…ts to be lower in periods of low aggregate asset growth and higher in periods of high aggregate asset growth. Thus, using aggregate …rm expansion as a conditioning variable, we expect to …nd a similar spread in unconditional momentum pro…ts across these market states 1 3 The sentiment index is available from Je¤rey Wurgler's homepage, http://pages.stern.nyu.edu/~jwurgler/.
as we found in the momentum portfolios that were conditioned on …rm-level asset growth. We now demonstrate that this is indeed the case.
We collect quarterly balance sheet total assets using the intersection of all …rms included in the CRSP and Compustat quarterly databases. For each …rm, we calculate the annual asset growth rates using formula (4) 
where AT quarter i;t denotes balance sheet total assets for …rm i during the …scal quarter ending in calendar quarter t. 14 Then, for each quarter t, we take an average over all …rms for which the asset growth rates are available. This produces a measure of aggregate average asset growth for a given calendar quarter.
Our aim is to study unconditional momentum pro…ts conditioned on low and high aggregate asset growth rates. To this end, we use returns on 10 momentum portfolios that include NYSE, AMEX and Nasdaq stocks and are formed on NYSE prior (2-12) return decile breakpoints.
These portfolio returns are available from Kenneth French's homepage. We calculate quarterly momentum returns by compounding the monthly returns on the loser and winner portfolios over the quarters and then taking a di¤erence between the compounded winner and loser portfolio returns. We match the quarterly asset growth rates AG quarter t with the subsequent 10-1 quarterly momentum returns measured during quarter t + 1. Then, we sort our time series of quarterly aggregate asset growth rates into four groups based on their magnitudes, and study the resulting momentum pro…ts within each of these four market states. Altogether, our sample consists of 152 quarterly observations, and each asset growth group contains 38 observations.
[INSERT TABLE 5]
Panel A of Table 5 presents the mean quarterly momentum returns and their corresponding t-statistics when the returns are conditioned on aggregate asset growth. To allow for an 1 4 Note that we use quarterly asset growth rates calculated on a yearly basis (i.e. growth measured over four quarters) to remove predictable seasonal variation that could arise if we used quarter-to-quarter changes. The quarter-to-quarter asset growth rates show some signs of seasonality: A non-parametric Kruskal-Wallis test for the equality of quarterly medians of the asset growth rates rejects the null at a 5%-level of signi…cance.
easier comparison with our earlier results, the last column shows the quarterly mean returns transformed to a monthly basis. 15 The results display a dramatic pattern. During periods of low aggregate asset growth, momentum returns are small and insigni…cant. The quarterly mean is 0.55% (corresponding approximately to 0.18% per month) with an insigni…cant t-statistic of 0.27. As aggregate asset growth increases, momentum pro…ts follow the same trend and show a monotonically increasing pattern. During periods characterized with the highest aggregate asset growth rates, the momentum pro…ts reach their highest level: the quarterly mean is 5.30% (corresponding approximately to 1.74% per month) and highly signi…cant (t=4.28). The di¤erence between quarterly momentum pro…ts in high and low aggregate asset growth periods is 4.76%, with a corresponding t-statistic of 1.97.
In Panel B we perform time-series regressions to further evaluate the relationship between aggregate asset growth and momentum pro…ts. The dependent variable is the quarterly 10-1 momentum payo¤, whereas the explanatory variables are the one-quarter lagged aggregate asset growth rate and other variables that have previously been shown to predict momentum payo¤s. Therefore, in model 3 we control for the lagged sentiment level, de…ned as in Table 4 . While sentiment is positively related to momentum pro…ts, the relationship is not statistically signi…cant.
On the other hand, the e¤ect of lagged asset growth remains signi…cant. Cooper et al. (2004) document a nonlinear relation between lagged market returns and momentum pro…ts: momentum pro…ts increase with lagged market returns but decrease with 1 5 That is, the approximate monthly return is given by r month = 100 ((1 + r quarter =100) 1=3 1). 1 6 We also estimate model 2 using a contemporanous dummy variable that captures whether the holding period quarter is recessionary. The results remain robust. the square of lagged market returns. In model 4 we control for these e¤ects using the lagged 12-month cumulative returns on the CRSP value-weighted market index as a proxy for market returns. The results show that in this speci…cation, the lagged asset growth rate loses its signi…cance (b=0.14, t=1.12). However, we note that at least in our sample, extreme downside returns are driving the signi…cance of the speci…cation used by Cooper et al. (2004) . Excluding 3% of the lowest market returns from our sample (4 out of 152 observations) makes both the lagged market return and its square insigni…cant. Furthermore, as for example Antoniou et al. (2009) note, during these extremely adverse market conditions momentum strategies cannot easily be implemented due to increased volatility and reductions in liquidity. To study the interaction between asset growth and momentum in "normal" market states, model 5 uses the same speci…cation as model 4, but excludes all negative market observations from the sample.
The number of excluded negative market returns is 38, leaving us with 114 observations that are used to estimate model 5. In this speci…cation, lagged asset growth emerges as a highly signi…cant predictor of momentum pro…ts (t=2.82), whereas the lagged market return and its square become insigni…cant with respective t-values of -1.08 and 0.21. Overall, while momentum payo¤s are better forecasted by lagged market returns than by lagged asset growth rates when all sample points are considered, this relation between the two explanatory variables is not robust when we control for a few extreme observations or when we study only UP-market states.
Speci…cally, in UP-market states, the forecasting power of asset growth strongly dominates that of lagged market returns.
3 Discussion [TO BE ADDED] 4 Conclusions [TO BE ADDED] Table 1 Descriptive statistics Panel A shows descriptive statistics for portfolios created by univariate sorts on balance sheet growth. All NYSE, AMEX and NASDAQ stocks on the monthly CRSP tape and Compustat industrial …les from the end of June year 1964 to 2006 are included in sample with the exception of stocks with a market value that at the end of June each year falls below the 20th percentile of market capitalization of NYSE stocks. The remaining stocks are sorted into deciles based on the yearly percentage change in balance sheet total assets (Compustat data item 6) denoted AG. We require that a …rm must be listed in the Compustat …les a minimum of two years prior to calculating …rm-speci…c variables. The accounting variables for …scal year ending in calendar year t are matched with returns that we start calculating as of the end of June in year t + 1. In panel A, these portfolios are held for the subsequent 12 months and then they are rebalanced. The sample period for the holding period returns is thus from July 1968 to June 2006. The reported equal and value-weighted portfolio returns are average monthly holding period returns. The signi…cance of the mean raw return di¤erence between the extreme low and high asset growth portfolios is estimated with a robust Newey-West (1987) t-statistic. For both the equal and value-weighted hedge portfolios, the Fama-French (1993) three-factor alphas are estimated to evaluate the return di¤erence between the portfolios. Descriptive statistics are included on the time-series averages of equal-weighted 2-12 past returns and value-weighted book-to-market. Panel B documents results for 5 portfolios sorted on past 11 month returns using NYSE prior (2-12) return breakpoints, with a one month lag between the formation and holding periods. The holding period is one month, resulting in a 11-1-1 strategy. A more detailed description of the strategy is provided in section 2.1. Panel C reports correlations between the relevant …rm-speci…c variables. Table 2 Momentum within asset growth groups Panel A presents raw and momentum returns on portfolios formed on the interaction between balance sheet growth and past return. Average monthly returns for NYSE, AMEX and Nasdaq stocks from July 1968 to June 2006 are reported by sorting on lagged accounting and return-based variables. At the end of June each year, stocks are sorted into ten groups based on their asset growth in the previous year. Within each asset growth decile, stocks are ranked at the end of each sample month based on their past 11-months returns excluding the month preceding the …rst holding period month. The stocks are grouped based on the NYSE prior return breakpoints. The momentum strategy involves buying the past winner portfolio (P5) and selling the past loser portfolio (P1). The holding period is one month, resulting in a 11-1-1 strategy. The table shows the average raw monthly pro…ts during the holding period of the winner and loser portfolios as well as the average momentum strategy returns from the 5-1 hedge portfolio. Panel A.I displays average equal-weighted returns and Panel A.II the average value-weighted returns. The FF3 adjusted momentum pro…ts are also reported in Panels A.I and A.II. Panel B.I presents the 5-1 raw momentum returns as in Panel A without any screens for …rm size. Average raw momentum returns using longer holding periods are reported in Panel B.II. Average monthly momentum returns are reported for holding periods of three and six periods, calculated as in Jegadeesh and Titman (1993 Table 3 Independent sorts by asset growth and alternative …rm-speci…c characeristics Table 3 , Panel A presents average monthly momentum returns from NYSE, AMEX and Nasdaq stocks from July 1968 to June 2006 by sorting on lagged …rm-speci…c accounting variables and returnbased variables. Our portfolio sorts exceptionally start from July 1986 for the sorts with credit rating. The equal-weighted momentum returns are obtained using independent three-way portfolio sorts to estimate the interaction between balance sheet asset growth and momentum while controlling for market value, book-to-market, trading volume, idiosyncratic volatility and credit rating. First stocks are sorted into three groups based on the magnitude of the control variable. Then in an independent sort, stocks are arranged into three groups based on their balance sheet growth rates. Finally within each of the nine groups, stocks are ranked based on their past 11-month returns while excluding the month preceding the …rst holding period month into …ve portfolios based on the NYSE prior return breakpoints. Firstly, to control for size, the breakpoints are de…ned as the NYSE 20th and 50th percentiles of market capitalization for NYSE stocks. To control for book-to-market, the …rms are divided into three groups based on bookto-market. Using accounting data from the …scal year ending in the previous calendar year t-1, the book value of equity is calculated for each …rm as in Fama, French and Davis (2000) . This book value is then divided by the market value of the …rm at the end of June in year t. Firms with a negative book value are excluded from our sample. In sorting on turnover, trading volume for a given stock is de…ned as the average daily turnover within the 11-month portfolio formation period. The daily turnover is calculated as the number of shares traded divided by the number of shares outstanding at the end of the day. Nasdaq stocks are excluded from our sample that includes turnover. Idiosyncratic volatility is calculated relative to the Fama-French (1993) three-factor model for each stock in the sample using daily returns within the 11-month portfolio formation period. The idiosyncratic volatility for a stock is de…ned as the standard deviation of the residual from a regression where the excess return of a stock at time t is regressed on the time t excess market return, SMB and HML factors capturing the size and value e¤ects in the data, respectively. Then, at the beginning of each month, the stocks are assigned into three groups based on the magnitude of the residual standard deviation. The …nal control variable is credit risk following Avramov et al. (2007) . Standard and Poor's Long-Term Domestic Issuer Credit Ratings are collected from Compustat and matched with stocks in our sample. The ratings are transformed to a scale from 1 to 22, where 1 denotes the highest credit rating ("AAA"), and 22 the lowest ("D"). Each month, using the most recent credit rating, stocks are independently sorted in three credit rating groups and three asset growth groups, resulting in nine credit rating/asset growth groups. In contrast to the previous sorts, past 11-month return breakpoints are calculated within each credit rating/asset growth group to sort the stocks into …ve momentum portfolios (i.e. a group-dependent sort on returns). Robust Newey-West (1987) t-statistics are given in brackets. Panel B reports the …rm-level Fama-MacBeth (1973) regressions of monthly stock returns on lagged empirical determinants of cross-sectional returns and on terms that capture how the di¤erent control variables interact with momentum. In the regression results, we apply the 20% screen for size to the stocks in our sample. Furthermore, we leave out stocks with a negative BM-ratio from the regressions. Nasdaq stocks are excluded from our tests when estimating the model speci…cations that include the turnover variable. Table 4 Momentum pro…ts conditioning on market states Panel A of Table 4 examines momentum pro…ts during di¤erent business cycle periods. We group the holding period months from July 1968 to June 2006 in expansionary and contractionary months based on the classi…cations made by the NBER. To investigate the signi…cance of momentum pro…ts in the two states of economy, we regress the time series of our 5-1 momentum portfolio returns on an expansionary dummy variable and a contractionary dummy variable without an intercept. The table also reports the average pro…ts on the momentum portfolios within ten asset growth groups.The estimated coe¢ cients for the two dummy variables capture the mean momentum pro…ts in the two states. The signi…cance of the momentum pro…ts are based on robust Newey-West (1987) t-statistics. Panel B of Table 4 replicates the results in Panel A but for asset growth groups in up and down markets. To assess the market state 12-month cumulative returns on the CRSP value-weighted market index are used as a proxy for market returns. If the 12-month lagged return on the index has been positive (skipping one month before the holding period), a holding-period month is classi…ed as an UP-month. Conversely, a month is classi…ed as a DOWN-month if the lagged return has been negative. Panel C of Table 4 reports results on the asset growth/momentum interaction in pessimistic and optimistic market states using the same methodology as outlined above. The monthly sentiment index constructed by Baker and Wurgler (2006,2007) Table 5 Momentum pro…ts conditioned on aggregate asset growth Table 5 examines momentum pro…ts using aggregate …rm expansion as a conditioning variable. Quarterly balance sheet total assets are collected using the intersection of all …rms included in the CRSP and Compustat quarterly databases. For each …rm, the annual asset growth rate is calculated from the balance sheet total assets during the …scal quarter ending in calendar quarter t. Then, for each quarter t, an average is taken over all …rms for which the asset growth rates are available. This produces a measure of aggregate average asset growth for a given calendar quarter. Returns on 10 momentum portfolios that include NYSE, AMEX and Nasdaq stocks are used formed on NYSE prior (2-12) return decile breakpoints. Quarterly momentum returns are calculated by compounding the monthly returns on the loser and winner portfolios over the quarters and then taking a di¤erence between the compounded winner and loser portfolio returns. The quarterly asset growth rates at time t are matched with the subsequent 10-1 quarterly momentum returns measured during quarter t + 1. Then, the time series of quarterly aggregate asset growth rates are sorted into four groups based on their magnitudes allowing us to study the resulting momentum pro…ts within each of these four market states. Altogether, the sample consists of 152 quarterly observations, and each asset growth group contains 38 observations. Panel A presents the mean quarterly momentum returns and their corresponding t-statistics when the returns are conditioned on aggregate asset growth. To allow for an easier comparison with our earlier results, the last column shows the quarterly mean returns transformed to a monthly basis. To investigate the signi…cance of momentum pro…ts in the di¤erent periods of the economy, we regress the time series of our 10-1 momentum portfolio returns on asset growth group dummy variables without an intercept. The signi…cance of the momentum pro…ts are based on robust Newey-West (1987) t-statistics. In Panel B time-series regressions are performed to further evaluate the relationship between aggregate asset growth and momentum pro…ts. The dependent variable is the quarterly 10-1 momentum payo¤, whereas the explanatory variables are the one-quarter lagged aggregate asset growth rate and other variables that have previously been shown to predict momentum payo¤s. 
